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Abstract: To address the issues of low efficiency and low accuracy in short text classification (STC) tasks, a high-efficiency and
high-precision text classification model was proposed that combined transformer based on bidirectional encoder representations and
broad learning classifiers (BERT-BL). Through the process of fine-tuning the bidirectional encoder representation from transformer
(BERT) based on transformer, the parameters of BERT could be updated to optimize its performance. Utilized fine-tuned BERT to

map the short text to its respective word vector matrix, then input it into the BL classifier to classify. The experimental results
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showed that the accuracy of the BERT-BL model reached state-of-art performance on three public datasets respectively. The main

finding was that the BERT-BL model took only a few tenths of the time required to baseline models of support vector machine

(SVM) , long short-term memory (LSTM) , minimum p-norm broad learning (p-BL) and BERT, and its training process did not

require the participation of a graphics processing unit. Through comparative analysis, the BERT-BL model not only had good

performance in STC, but also can save a lot of training time cost.

Keywords : short text classification; BERT-BL; BERT; broad learning; high accuracy
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Table 3 Comparison results of BERT-BL experiment
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